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DETERMINING POPULATED IP ADDRESSES

BACKGROUND

Online services such as web-based email, search, and
online social networks are becoming increasingly popular.
While these services are used every day by billions of legiti-
mate users, they are also heavily abused by attackers for
nefarious activities such as spamming, phishing, and identity
theft. To limit the damage of attacks, online service providers
often rely on Internet Protocol (“IP”) addresses to perform
blacklisting and service throttling. While such IP-based tech-
niques work well for IP addresses that are relatively static and
related to a few users, they are not effective for IP addresses
that are associated with a large number of users or user
requests.

These IP addresses that are associated with a large number
of'users or user requests are referred to herein as Populated I[P
(“PIP”) addresses. They are related, but not equivalent to the
traditional concept of proxies, network address translators
(“NATs”), gateways, or other middle boxes. On the one hand,
not all proxies, NATs, or gateways are PIP addresses. Some
may be very infrequently used and thus may not of interest to
online service providers.

On the other hand, while some PIP addresses may belong
to proxies or big NATs, others are dial-up IP addresses that
have high churn rates, or datacenter [P addresses that connect
to email service to obtain users’ email contacts. Additionally,
not all PIP addresses are associated with a large number of
actual users. Although many good or trusted PIP addresses
like enterprise-level proxies are associated with a large num-
ber of actual users, some abused or bad PIP addresses may be
associated with few real users but a large number of fake users
controlled by attackers. In an extreme case, some untrusted or
bad PIP addresses are entirely set up by attackers.

Therefore, identifying PIP addresses and classifying PIP
addresses as good or bad may be a useful tool for ensuring the
security of online service providers. However, identifying
and classifying PIP addresses is a challenging task for several
reasons. First, ISPs and other network operators consider the
size and distribution of customer populations as confidential
and rarely publish their network usage information. Second,
some PIP addresses are dynamic, e.g., those at small coffee
shops with frequently changing user populations. Third, good
PIP addresses and bad PIP addresses can reside next to each
other in the IP address space. Fourth, a good PIP address can
be temporarily abused.

SUMMARY

A servicelog of a service provider is analyzed to identify IP
addresses used by account holders that are populated IP
addresses. Existing information about legitimate and mali-
cious accounts of the service provider is leveraged to deter-
mine likely good and bad populated IP addresses based on the
accounts that use the populated IP addresses. Features of the
good and bad populated IP addresses are used to train a
classifier that can identify good and bad populated IP
addresses based on features of the populated IP addresses.
The classifier is then used to provide security services to the
same service provider or different service providers. The
services include identifying malicious accounts.

In an implementation, a service log is received from a
service provider at a computing device. The service log
includes service requests, and each service request is associ-
ated with an IP address and an account. Populated IP
addresses are determined from the IP addresses by the com-
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puting device. A first subset of the determined populated IP
addresses that are good is determined based on the accounts
of the service requests associated with the populated IP
addresses in the service log by the computing device. A sec-
ond subset of the determined populated IP addresses that are
bad is determined based on the accounts of the service
requests associated with the populated IP addresses in the
service log by the computing device. One or more features for
each of the populated IP addresses in the first subset and the
second subset are determined. A classifier is trained using the
determined one or more features of the populated IP
addresses in the first and second subset.

In an implementation, populated IP addresses are received
ata computing device associated with a first service provider.
Each populated IP address has an associated trust score. Iden-
tifiers of a plurality of accounts are received at the computing
device. For each account, one or more of the populated IP
addresses that are associated with the account are determined
by the computing device. One or more malicious accounts
from the plurality of accounts are determined based on the
one or more populated IP addresses associated with the
accounts and the trust scores associated with the one or more
populated IP addresses.

This summary is provided to introduce a selection of con-
cepts in a simplified form that are further described below in
the detailed description. This summary is not intended to
identify key features or essential features of the claimed sub-
ject matter, nor is it intended to be used to limit the scope of
the claimed subject matter.

BRIEF DESCRIPTION OF THE DRAWINGS

The foregoing summary, as well as the following detailed
description of illustrative embodiments, is better understood
when read in conjunction with the appended drawings. For
the purpose of illustrating the embodiments, there is shown in
the drawings example constructions of the embodiments;
however, the embodiments are not limited to the specific
methods and instrumentalities disclosed. In the drawings:

FIG. 1 is an illustration of an example environment for
identifying PIP addresses and/or determining whether a PIP
address is good or bad;

FIG. 2 is an illustration of an example PIP trust engine;

FIG. 3 is an operational flow of an implementation of a
method for determining PIP addresses and determining trust
scores for the determined PIP addresses;

FIG. 4 is an operational flow of an implementation of a
method for determining malicious accounts using PIP
addresses; and

FIG. 5 shows an exemplary computing environment in
which example embodiments and aspects may be imple-
mented.

DETAILED DESCRIPTION

FIG. 1 is an illustration of an example environment 100 for
identifying PIP addresses and/or determining whether a PIP
address is good or bad. The environment 100 may include a
PIP trust engine 130 in communication with one or more
service providers 140 and client devices 110 through a net-
work 120. The network 120 may be a variety of network types
including the public switched telephone network (PSTN), a
cellular telephone network, and a packet switched network
(e.g., the Internet).

The service providers 140 may include any entity (i.e., a
person, corporation, or partnership) that provides one or more
online services to users of client devices 110. Examples of
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online services include email services, media related services
(e.g., storage, purchase, sharing, and editing services related
to images, music, or videos), as well as social networking
related services. Other services may be supported.

The service providers 140 may provide one or more ser-
vices to client devices 110 through accounts. A user may
utilize the one or more services associated with the account by
providing a service request 145 to the service provider 140.
The service request 145 may include information such as an
identifier of the account and an identifier of the requested
service. For example, a user may establish an email account
with the service provider 140, and may request to receive
emails received for the account by providing a service request
145 that includes the user name of the account (i.e., identifier
of the account), and information such as a password associ-
ated with the account.

The service providers 140 may further log or keep track of
the service requests 145 in a service log 147. The service log
147 may include an entry for each service request 145
received, along with an identifier of the account associated
with the request. In addition, each entry may further include
the time when the service request 145 was received along with
an P address associated with the service request 145.

The service providers 140 may generate and maintain
account trust data 125. The account trust data 125 may indi-
cate which accounts of the service provider 140 are legitimate
accounts, and which accounts are malicious (i.e., not legiti-
mate) accounts. A legitimate account is an account that has
met one or more criteria set by the service provider to be
considered trusted or legitimate (i.e., not associated with a
hacker, bot, or other malicious entity or user). For example, an
email service provider 140 may consider an account to be
legitimate after it has sent a threshold number of emails to
other legitimate user accounts, has been active for a threshold
amount of time, or has never originated a spam message.
Similarly, a malicious account may be an account that has met
one or more criteria set by the service provider 140 to be
considered malicious. For example, the email service pro-
vider 140 may consider an account to be malicious if it origi-
nates spam messages, is associated with other malicious
accounts, or is associated with unusual access patterns (i.e.,
accessed at strange hours). Depending on the service provider
140, a malicious account may be any account that has not yet
been proven legitimate. In some implementations, the
account trust data 125 may comprise binary values (i.e.,
legitimate or malicious). Alternatively, the account trust data
125 may comprise ranges of values that indicate how legiti-
mate or malicious each account is. For example, a trust score
may be a value between 1 and 5, with 1 representing a very
legitimate account and 5 representing a very malicious
account.

As will be described further with respect to FIG. 2, the PIP
trust engine 130 may determine PIP addresses based on data
from the service logs. In some implementations, the PIP
addresses may be determined from the IP addresses associ-
ated with the requests 145 from the service log 147. For
example, the PIP addresses may be the IP addresses that are
associated with more than a threshold number of requests 145
and/or accounts in the service log 147.

Once the likely PIP addresses have been determined by the
PIP trust engine 130, whether or not the PIP addresses are
good or bad may be determined. The PIP addresses may be
labeled as either good or bad. In some implementations, the
PIP trust engine 130 may determine whether a PIP address is
good or bad based on whether the accounts associated with
the PIP address in the service log 147 are legitimate or mali-
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cious as indicated by the account trust data 125. A good PIP
address may be trusted, while a bad PIP address may be
considered non-trusted.

The PIP trust engine 130 may train a model, such as a
classifier, to label other PIP addresses as either good or bad
based on the labeled PIP addresses. The labeled PIP addresses
may be used by the PIP trust engine 130 to provide a variety
of security services to service providers 140. These services
may include the prevention of sign-up abuse, click-fraud, and
the identification of one or more malicious or non-trusted
accounts.

FIG. 2 is an illustration of an example PIP trust engine 130.
As illustrated, the PIP trust engine 130 includes a plurality of
components including a PIP identifier 210, a PIP labeler 220,
a feature determiner 230, and a classifier trainer 240. The PIP
trust engine 130, including the various components described
herein, may be implemented by one or more computing
devices such as the computing system 500 illustrated with
respect to FIG. S.

The PIP identifier 210 may determine one or more IP
addresses from the service log 147 that are PIP addresses. In
some implementations, a PIP address may be an IP address
that originates a large number of service requests 145, or that
may be associated with a large number of users or client
devices 110. For example, a large organization or university
may route some or all internet traffic associated with its users
through one or more routers, therefore making the internet
traffic of'its users appear to come from one or some range of
IP addresses. Such IP addresses may be PIP addresses.

In some implementations, the PIP identifier 210 may deter-
mine an IP address is a PIP address if it has more than a
threshold number of associated service requests 145 in the
service log 147. For example, the threshold number of asso-
ciated service requests 145 may be 100, 200, 300, or 1000.
Other thresholds may be used.

However, as may be appreciated, for some types of services
providers 140, some users may generate a large number of
service requests 145 and may therefore incorrectly appear to
be associated with PIP addresses. For example, a single client
device 110 that refreshes or checks an email account for new
messages frequently may appear to be associated with a PIP
address even if the client device is the only client device
associated with the IP address. Thus, to avoid such incorrect
identification, the PIP identifier 210 may also consider the
number of different accounts that are associated with each IP
address in the service log 147. In particular, the PIP identifier
210 may determine an IP address is a PIP address if it has
more than a threshold number of associated accounts in the
service log 147. For example, the threshold number of
accounts may be 10, 25, or 50. Other thresholds may be used.
Depending on the implementation, the PIP identifier 210 may
consider the number of accounts, the number of service
requests 145, or some combination of both.

The PIP labeler 220 may label one or more of the deter-
mined PIP addresses as good or bad based on the service log
147 and the account trust data 125. In some implementations,
the PIP labeler 220 may determine if a PIP address is good
(i.e., trusted) or bad (i.e., not trusted) by determining the
accounts that are associated with the PIP address in the ser-
vice log 147. The PIP labeler 220 may determine if a thresh-
old percentage of the accounts associated with the PIP
address are either legitimate or malicious as indicated by the
account trust data 125. For example, if a majority (>50%) of
the accounts associated with a PIP address are legitimate,
then the PIP labeler 220 may label the PIP address as good. If
a majority of the accounts are malicious, then the PIP labeler
220 may label the PIP address as bad. Other threshold per-
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centages may be used. Depending on the implementation, PIP
addresses that are not associated with the threshold percent-
age of either good or bad accounts may not be labeled by the
PIP labeler 220.

The feature determiner 230 may determine one or more
features for each of the labeled PIP addresses. The features
may be determined from the service log 147. The features
may be characteristics or other qualities of the PIP addresses
that may be used to train a classifier 245 to evaluate the
trustworthiness (i.e., good or bad) of a PIP address based on
the features. In some implementations, the features may
include what are referred to herein as population features and
time series features.

The population features are features that are related to the
accounts associated with each PIP address in the service log
147. These population features for a PIP address may include
the number of accounts associated with the PIP address, the
number of service requests 145 associated with the PIP
address, the average number of requests per account associ-
ated with the PIP address, the percentage of accounts associ-
ated with the PIP address that are new accounts (i.e., younger
than a threshold age), a request distribution, and an account-
stickiness distribution, for example. The request distribution
may show whether the requests associated with the PIP
account are well distributed among the accounts associated
with the PIP address, or are clustered among a few accounts.
The account stickiness distribution may show the number of
other PIP addresses that the accounts associated with the PIP
address also use to access the service provider 140.

The time series features are features that are related to the
access patterns of the service requests 145 received using
each PIP address in the service log 147. For example, PIP
accounts with a large number of service requests 145 for a
short period of time are often malicious and therefore not
trusted. In addition, PIP addresses with a large number of
service requests 145 late at night or when users are typically
sleeping may also be malicious or bad. In some implementa-
tions, the feature determiner 230 may divide each day into
some number of time units, and may determine the time series
features from the service log 147 based on the time units. For
example, each day may be divided into eight, three hour time
units. Larger or smaller time units may be used depending on
the precision sought to be obtained.

The time series features may include the number of time
units having greater than a threshold number of service
requests 145, a percentage of requests that are received during
time units that are at night or are otherwise non-peak for a
particular geographic area, the percentage of requests that are
received on a weekday or weekend, the distribution of the
time between the first and last request received for each
account, the distribution of the average amount of time users
remain logged into each account, and the overall predictabil-
ity of the time units when the service requests 145 are
received, for example. For example, the predictability may be
determined by number and density of anomalies derived from
a model such as the Holt-Winders forecasting model. Other
models may be used.

In some implementations, the feature determiner 230 may
determine PIP addresses that are associated with a block of
PIP addresses, and assign each of the PIP addresses in the
block the same features. These features are referred to herein
as block level features. A block of PIP addresses may be PIP
addresses whose IP addresses are neighbors or part of the
same administrative domain. For example, often a network
interface may use a range or pool of IP addresses for outgoing
requests for load balancing purposes. These IP addresses may
appear as separate PIP addresses, when fact, they are related
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to a single entity and may be treated as a single PIP address for
feature purposes. In order to identify PIP address blocks, the
feature determiner 230 may determine PIP addresses that are
under a single domain and that are continuous (i.e., have no
gaps between PIP addresses that are filled with non-PIP IP
addresses).

The classifier trainer 240 may train the classifier 245 using
the labeled PIP addresses and the determined features. The
classifier 245 may be a support vector machine. Other mod-
els, classifiers, or machine learning techniques may be used.
In some implementations, the classifier 245 may generate a
trust score based on the features associated with a PIP
address. The trust score may be a binary trust score (i.e., good
or bad), or may be range of values such as values from 1 to 5,
for example.

The PIP trust engine 130 may use the classifier 245 to
generate a trust score for each of the identified PIP addresses
in the service log 147. The feature determiner 230 may deter-
mine features for each of the PIP addresses in the service log
147, and the PIP trust engine 130 may use the classifier 245 to
generate the trust scores based on the determined features.
The PIP trust engine 130 may provide identified PIP
addresses and trust scores 255 to one or more of the service
providers 140. Atleast one service provider may be a different
service provider than the service provider that provided the
service log 147.

The service providers may use the identified PIP addresses
and trust scores 255 to provide various security related ser-
vices. One such service is the prevention and detection of
sign-up abuse. Sign-up abuse is when a malicious user creates
an account with a service provider 140. For example, a user
may create an account with an email service provider 140 to
send spam to one or more users.

In some implementations, when a user creates an account
through a PIP address, the service provider 140 may deter-
mine the trust score of the PIP address used to create the
account. Depending on the trust score, the service provider
140 may close the account, restrict the account (i.e., only
allow limited use of the account until the trustworthiness of
the account can be verified), provide additional scrutiny to the
account, or allow the account.

Another security service is the identification of click-fraud.
Click-fraud is when a malicious user creates fraudulent clicks
to either generate advertising revenue or to deplete the advert-
izing budget of a competitor. IP addresses of received clicks
may be cross referenced with PIP addresses with trust scores
that indicate that the PIP addresses are bad. The clicks asso-
ciated with these addresses may be discarded, or may be
further processed to determine if they are click-fraud. For
example, because click-fraud attacks are generated in large
numbers they typically include similar features. Thus, the
clicks that come from bad PIP addresses and that have similar
features may be identified as click-fraud. The features may
include a cookie creation date, cookie hash, referral URL
(uniform resource locator), form data, or other data that is
associated with a click, for example.

Another security service may be to identify or detect exist-
ing malicious or non-trusted accounts of a service provider
140. As described above, the account trust data 125 may
include identifiers of legitimate and malicious accounts.
However, many of the accounts associated with a service
provider 140 may not have been classified as either legitimate
or malicious, or some of the legitimate accounts may be
associated with a malicious user. Accordingly, a service pro-
vider 140 may use the identified PIP addresses and trust
scores 255 to identity legitimate or malicious accounts, or to
identify legitimate accounts that may be malicious.
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In some implementations, the service provider 140 may
determine the malicious accounts, by determining bad PIP
addresses based on the trust scores associated with the PIP
addresses. For each account, the service provider 140 may
determine if the account is associated with more than a thresh-
old number of bad PIP addresses. Accounts that are associ-
ated with more than the threshold number of bad PIP
addresses may be determined to be malicious, or may be
further scrutinized.

Alternatively or additionally, the service provider 140 may
determine naming patterns of accounts that are associated
with the bad PIP addresses and may determine legitimate and
malicious accounts using the naming patterns. Accounts with
names that match one or more of the patterns may be deter-
mined to be malicious or may be further scrutinized. Because
malicious accounts are often set up automatically, or in bulk,
the names for the accounts are often chosen using a pattern.
Thus, accounts with names that match the patterns and are
associated with bad PIP accounts may be malicious.

Alternatively or additionally, the service provider 140 may
determine registration periods associated with the bad PIP
addresses and may determine legitimate and malicious
accounts using the registrations periods. As described above,
malicious accounts are often set up in bulk and automatically,
therefore malicious accounts associated with a bad PIP
account may have creation or registration dates that are clus-
tered together. Accordingly, accounts that are associated with
a bad PIP address and that have registration dates that fall
within a determined registration period (e.g., hour, day, week,
etc.) may be determined to be malicious or may be further
scrutinized.

FIG. 3 is an operational flow of an implementation of a
method 300 for determining PIP addresses and determining
trust scores for the determined PIP addresses. The method
300 may be implemented by the PIP trust engine 130, for
example.

A service log is received from a service provider at 301.
The service log 147 may be received from a service provider
140 by the PIP identifier 210 of the PIP trust engine 130. The
service log 147 may be a log of service requests 145 received
by the service provider 140 from one or more client devices
110. Each service request 145 in the log 147 may be associ-
ated with an account and an IP address. In addition, each
service request 145 may be associated with a time that the
request was received.

IP addresses of the service log that are PIP addresses are
determined at 303. The IP addresses of the service log 147
that are PIP addresses may be determined by the PIP identifier
210 of the trust engine 130. In some implementations, an IP
address may be a PIP address if it is associated with a service
request 145 in the service log 147 more than a threshold
number of times and/or associated with a threshold number of
different accounts in the service log 147.

A first subset of PIP addresses that are good and a second
set of PIP addresses that are bad are determined at 305. The
first and the second subsets may be determined by the PIP
labeler 220 of the PIP trust engine 130. In some implemen-
tations, the first and the second subsets may be determined by
the PIP labeler using account trust data 125 received from the
service provider 140. The account trust data 125 may identity
the accounts of the service provider 140 that are legitimate
and the accounts that are malicious. If a PIP address is asso-
ciated with a service request 145 that is associated with a
legitimate account more than a threshold number of times,
then the PIP labeler 220 may determine that the PIP address is
good. If'a PIP address is associated with a service request 145
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thatis associated with a malicious account more than a thresh-
old number of times, then the PIP labeler 220 may determine
that the PIP address is bad.

One or more features of each of the PIP addresses in the
first and the second subsets are determined at 307. The fea-
tures may be determined by the feature determiner 230 of the
PIP trust engine 130. The features may be one or more of
population features and/or the time series features, for
example. Other features may also be used.

A classifier is trained using the determined one or more
features at 309. The classifier 245 may be trained by the
classifier trainer 240 using the features of the PIP addresses
from the first subset and the second subset. In some imple-
mentations, the classifier may be a support vector machine.
Other types of classifiers may be used.

A trust score is determined for each of the PIP addresses
using the classifier at 311. The trust scores may be determined
for the PIP addresses by the PIP trust engine 130 using the
classifier 245.

The PIP addresses and trust scores are provided at 313. The
PIP addresses and trust scores may be the identified PIP
addresses and trust scores 255 and may be provided to the
same service provider or a different service provider than the
service provider that provided the service log 147. The trust
scores and PIP addresses may be used to provide one or more
security-related services. The services may include detecting
one or more malicious accounts, detecting click-fraud, and
preventing sign-up abuse, for example. Other security-related
services may be supported.

FIG. 4 is an operational flow of an implementation of a
method 400 for determining malicious accounts using PIP
addresses. The method 400 may be implemented by a service
provider 140, for example.

A plurality of PIP addresses is received at 401. The plural-
ity of PIP addresses may be received by a service provider
140. The plurality of PIP addresses may include a trust score
for each of the plurality of PIP addresses and may be the
identified PIP addresses and trust scores 255.

A plurality of account identifiers is received at 403. The
plurality of account identifiers may be received by the service
provider 140. The account identifiers may identify accounts
associated with the service provider 140.

For each account, one or more PIP addresses that are asso-
ciated with the account are determined at 405. The one or
more PIP addresses may be determined by the service pro-
vider 140 by determining the PIP addresses that were used to
access the identified accounts.

One or more malicious accounts from the plurality of
accounts are determined based on the one or more populated
IP addresses associated with the account at 407. The one or
more malicious accounts may be determined by the service
provider 140. In some implementations, the service provider
140 may determine an account is malicious if it is associated
with more than a threshold number of PIP addresses that are
bad. Whether a PIP address is bad may be determined based
on the trust score associated with the PIP address. Alterna-
tively, or additionally, naming patterns or registration periods
associated with the bad PIP addresses may be used to deter-
mine malicious accounts.

FIG. 5 shows an exemplary computing environment in
which example embodiments and aspects may be imple-
mented. The computing system environment is only one
example of a suitable computing environment and is not
intended to suggest any limitation as to the scope of use or
functionality. Other suitable computing environments may
include a distributed cluster or cloud computing environment,
for example.
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Numerous other general purpose or special purpose com-
puting system environments or configurations may be used.
Examples of well known computing systems, environments,
and/or configurations that may be suitable for use include, but
are not limited to, personal computers, server computers,
handheld or laptop devices, multiprocessor systems, micro-
processor-based systems, network PCs, minicomputers,
mainframe computers, embedded systems, distributed com-
puting environments that include any of the above systems or
devices, and the like.

Computer-executable instructions, such as program mod-
ules, being executed by a computer may be used. Generally,
program modules include routines, programs, objects, com-
ponents, data structures, etc. that perform particular tasks or
implement particular abstract data types. Distributed comput-
ing environments may be used where tasks are performed by
remote processing devices that are linked through a commu-
nications network or other data transmission medium. In a
distributed computing environment, program modules and
other data may be located in both local and remote computer
storage media including memory storage devices.

With reference to FIG. 5, an exemplary system for imple-
menting aspects described herein includes a computing
device, such as computing system 500. In its most basic
configuration, computing system 500 typically includes at
least one processing unit 502 and memory 504. Depending on
the exact configuration and type of computing device,
memory 504 may be volatile (such as random access memory
(RAM)), non-volatile (such as read-only memory (ROM),
flash memory, etc.), or some combination of the two. This
most basic configuration is illustrated in FIG. 5 by dashed line
506.

Computing system 500 may have additional features/func-
tionality. For example, computing system 500 may include
additional storage (removable and/or non-removable) includ-
ing, but not limited to, magnetic or optical disks or tape. Such
additional storage is illustrated in FIG. 5 by removable stor-
age 508 and non-removable storage 510.

Computing system 500 typically includes a variety of com-
puter readable media. Computer readable media can be any
available media that can be accessed by computing system
500 and includes both volatile and non-volatile media,
removable and non-removable media.

Computer storage media include volatile and non-volatile,
and removable and non-removable media implemented in any
method or technology for storage of information such as
computer readable instructions, data structures, program
modules or other data. Memory 504, removable storage 508,
and non-removable storage 510 are all examples of computer
storage media. Computer storage media include, but are not
limited to, RAM, ROM, electrically erasable program read-
only memory (EEPROM), flash memory or other memory
technology, CD-ROM, digital versatile disks (DVD) or other
optical storage, magnetic cassettes, magnetic tape, magnetic
disk storage or other magnetic storage devices, or any other
medium which can be used to store the desired information
and which can be accessed by computing system 500. Any
such computer storage media may be part of computing sys-
tem 500.

Computing system 500 may contain communication con-
nection(s) 512 that allow the device to communicate with
other devices and/or interfaces. Computing system 500 may
also have input device(s) 514 such as a keyboard (software or
hardware), mouse, pen, voice input interface, touch interface,
etc. Output device(s) 516 such as a display, speakers, printer,
etc. may also be included. All these devices are well known in
the art and need not be discussed at length here.

10

15

20

25

30

35

40

45

50

55

60

65

10

It should be understood that the various techniques
described herein may be implemented in connection with
hardware or software or, where appropriate, with a combina-
tion of both. Thus, the methods and apparatus of the presently
disclosed subject matter, or certain aspects or portions
thereof, may take the form of program code (i.e., instructions)
embodied in tangible media, such as floppy diskettes, CD-
ROMs, hard drives, or any other machine-readable storage
medium where, when the program code is loaded into and
executed by a machine, such as a computer, the machine
becomes an apparatus for practicing the presently disclosed
subject matter.

Although exemplary implementations may refer to utiliz-
ing aspects of the presently disclosed subject matter in the
context of one or more stand-alone computer systems, the
subject matter is not so limited, but rather may be imple-
mented in connection with any computing environment, such
as a network or distributed computing environment. Still fur-
ther, aspects of the presently disclosed subject matter may be
implemented in or across a plurality of processing chips or
devices, and storage may similarly be effected across a plu-
rality of devices. Such devices might include personal com-
puters, network servers, and handheld devices, for example.

Although the subject matter has been described in lan-
guage specific to structural features and/or methodological
acts, it is to be understood that the subject matter defined in
the appended claims is not necessarily limited to the specific
features or acts described above. Rather, the specific features
and acts described above are disclosed as example forms of
implementing the claims.

What is claimed:
1. A method comprising:
receiving a service log from a service provider at a com-
puting device, wherein the service log comprises a plu-
rality of service requests and each service request is
associated with an IP address of a plurality of IP
addresses and an account of a plurality of accounts;
determining IP addresses of the IP addresses associated
with the plurality of service requests that are populated
IP addresses by the computing device;
determining a first subset of the determined populated IP
addresses that are trusted based on the accounts of the
service requests associated with the populated IP
addresses in the service log by the computing device, the
determining comprising:
receiving identifiers of legitimate accounts from the ser-
vice provider; and
for each populated IP address, determining if the popu-
lated IP address is associated with an account thatis a
legitimate account more than a first threshold percent-
age, and if so, determining the populated IP address is
trusted;
determining a second subset of the determined populated
IP addresses that are not trusted based on the accounts of
the service requests associated with the populated 1P
addresses in the service log by the computing device;
determining one or more features for each of the populated
IP addresses in the first subset and the second subset by
the computing device; and
training a classifier using the determined one or more fea-
tures of the populated IP addresses in the first and second
subset.
2. The method of claim 1, further comprising:
generating a trust score for each of the populated IP
addresses using the classifier; and
providing the generated trust scores to the service provider.
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3. The method of claim 1, wherein IP addresses that are
associated with more than a threshold number of service
requests in the service log are populated IP addresses.

4. The method of claim 1, wherein IP addresses that are
associated with more than a threshold number of accounts in
the service log are populated IP addresses.

5. The method of claim 1, wherein determining the second
subset of the determined populated IP addresses that are not
trusted based on the accounts of the service requests associ-
ated with the populated IP addresses in the service log com-
prises:

receiving identifiers of malicious accounts from the service

provider; and

foreach populated IP address, determining if the populated

IP address is associated with an account that is a mali-
cious account more than a second threshold percentage,
and if so, determining the populated IP address is not
trusted.

6. The method of claim 1, wherein the features comprise
one or more of population features or time series features.

7. The method of claim 1, wherein the features comprise
block level features.

8. The method of claim 1, further comprising:

generating a trust score for each of the populated IP

addresses using the classifier; and

providing the generated trust scores and populated IP

addresses to a different service provider.

9. The method of claim 8, further comprising detecting one
or more malicious accounts of the different service provider
using the generated trust scores and populated IP addresses.

10. A method comprising:

receiving a plurality of populated IP addresses at a com-

puting device associated with a first service provider,
wherein each populated IP address has an associated
trust score;

receiving identifiers of a plurality of accounts at the com-

puting device;

for each account, determining one or more of the plurality

of populated IP addresses that are associated with the
account by the computing device; and

determining one more malicious accounts from the plural-

ity of accounts based on the one or more populated IP

addresses associated with the accounts and the trust

scores associated with the one or more populated IP

addresses by the computing device by:

determining non-trusted populated IP addresses based
on the trust scores associated with the populated IP
addresses; and

for each account, determining if the account is associ-
ated with more than a threshold number of non-
trusted populated IP addresses, and if so, determining
that the account is malicious.

11. The method of claim 10, wherein the populated 1P
addresses are received from a second service provider.

12. The method of claim 10, wherein determining one more
malicious accounts from the plurality of accounts based on
the one or more populated IP addresses associated with the
accounts and the trust scores associated with the one or more
populated IP addresses further comprises:

determining non-trusted populated IP addresses based on

the trust scores associated with the populated IP
addresses;

12

for each non-trusted populated IP address, determining one
or more naming patterns based on a name of each
account associated with the non-trusted populated 1P
address; and
5 for each account associated with a non-trusted populated
IP address, determining if the name of the account
matches any of the one or more naming patterns of the
associated non-trusted populated IP address, and if so,
determining that the account is malicious.

13. The method of claim 10, wherein determining one more
malicious accounts from the plurality of accounts based on
the one or more populated IP addresses associated with the
accounts and the trust scores associated with the one or more
populated IP addresses further comprises:

determining non-trusted populated IP addresses based on

the trust scores associated with the populated IP
addresses;

for each non-trusted populated IP address, determining a

registration period based on a registration date for each
account associated with the non-trusted populated 1P
address; and

for each account associated with a non-trusted populated

IP address, determining if the registration date of the
account is within the registration period of the associ-
ated non-trusted populated IP address, and if so, deter-
mining that the account is malicious.

14. The method of claim 13, wherein the registration period
is one of a month, two weeks, one week, or one day.

15. A system comprising:

at least one computing device; and

a populated IP address engine adapted to:

identify a plurality of populated IP addresses, wherein
each of the populated IP addresses is associated with
one or more of a plurality of accounts, and a subset of
the plurality of accounts are malicious accounts;
determine one or more of the identified plurality of
populated IP addresses that are non-trusted populated
IP addresses based on accounts associated with the
populated IP addresses that are malicious accounts
by:
for each identified populated IP address, determining
if the identified populated IP address is associated
with an account that is a malicious account more
than a threshold percentage, and if so, determining
the populated IP address is a non-trusted populated
IP address;
determine one or more features for each of the non-
trusted populated IP addresses; and
train a classifier using the determined one or more fea-
tures of the non-trusted populated IP addresses.

16. The system of claim 15, wherein the populated IP
address engine is further adapted to:

receive a service log; and

identify the plurality of populated IP addresses from the

service log.

17. The system of claim 15, wherein the classifier com-
prises a support vector machine.

18. The system of claim 15, wherein the features comprise
one or more of population features, time series features, or
block level features.
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